The identification of precursors of climatic phenomena has enormous practical importance. Recent work constructs a climate network based on surface air temperature data to analyze the El Niño phenomena. We utilize microtransitions which occur before the discontinuous percolation transition in the network as well as other network quantities to identify a set of reliable precursors of El Niño episodes. These precursors identify nine out of twelve El Niño episodes occurring in the period of 1979 to 2018 with a lead time varying from six to ten months. We also find indicators of tipping events in the data. arXiv:2002.04530v1 [physics.ao-ph] 3 Feb 2020
framework of percolation theory has been used to analyze the behavior of connected clusters in the network and predict the transition point [18] . Discontinuous percolation transitions have been observed in the climate network. We analyze these discontinuous percolation transitions and try to identify a set of early warning precursors to these transitions, and use them to predict the onset of El Niño activity. We note that our precursors are able to predict El Niño activity from six to ten months in advance. Our methods are quite reliable, and only lead to one false positive prediction in the analysis of 39 years of data. Our methods consist of the analysis of microtransitions that occur before the discontinuous percolation transition and the topological analysis of network quantities such as node degrees, link densities and link lengths.
The existence and predictive utility of microtransitions has been the focus of recent work in the context of percolation phenomena. These microtransitions appear before the percolation transition for both the continuous and discontinuous cases and accumulate at the transition point. These microtransitions are signalled by small jumps in the order parameter, i.e. the size of the maximal cluster, and peaks in the variance of the order parameter. In the case of the climate network, the actual transition point is the point at which a discontinuous percolation transition is seen, with the usual jump in the order parameter. Here, we use the microtransitions to predict critical thresholds at which the percolation transition can occur [19] . The predicted threshold values are characteristic of the data of the period for which the network is constructed and can hence be used as generic early-warning indicators of the El Niño years. The variance in the order parameter, i.e. the susceptibility at the critical point can also be used to identify pre-El Niño years (which we will call indicator years) , and thereby predict the El Niño in the subsequent year. We note that the jump in the order parameter has been used earlier to identify pre-El Niño years [20] , but the susceptibility constitutes a stronger indicator. Additionally, we have carried out the topological analysis of the climate network of each year and have found that several distinct features such as the distribution of network links, the degrees of the network nodes in the El Niño basin differentiate clearly between El Niño years and indicator years. Thus, this entire collection of features i.e. the susceptibility, critical correlation value, maximum value of correlation strength and total number of links observed in the climate network can be used as a set of precursors of an upcoming El Niño event.
The climate network is constructed by the following method. We use daily near surface (1000hPa) air temperature datasets [T y (d)] recorded at 1, 15, 680 nodes whose geographical location is fixed by a pair of latitude and longitude values. The grid size of the network can be changed by altering the resolution of nodes such that every element in the grid covers the same area on the globe. Thus the total number of nodes on the equator is given by, n 0 = 360°/r 0 , where r 0 is the grid resolution, and the total number of nodes on mr 0 latitude is given by n m = n 0 cos(mr 0 ) where m ∈ [−90/r 0 , 90/r 0 ]. The total number of nodes in the climate network is then
2n m − n 0 . A geographical grid of 726 nodes with 7.5°grid resolution is constructed and links are added between the two nodes by calculating the Pearson correlation function between their temperatures. The filtered daily near surface air temperature T y (d) and the cross-correlation function C y i, j are defined as follows [20] ,
Temperature datasets over 39 years from 1979 to 2018 have been used to built a network for each
year from January 1 st till 31 st December, and τ is the time lag between 0 to 200 days. For each
year, the data for the previous year is also required on account of the time lag. The appropriate time lag and its impact is discussed in [21] . Here "mean" and "std" are the mean and standard deviation of the temperature on day 'd' over all years. Only the temperature data points prior to day 'd' are considered. The averages ( d ) considered here are taken over 365 days. The weight of the link between i and j is defined as the maximum of the cross-correlation function max(C y i, j (τ)). Here, links were added one by one with decreasing link strength, i.e. the links or edges with the highest weight (maximum of the cross-correlation function C y i, j ), are added first to the network. Further edges are added in order by decreasing weight. Thus the network evolves as a function of C, as links of weights ranging from a given value of C upto the maximum value of C are added at each stage. Quantities such as the order parameter, which is the normalized size of the largest cluster (s 1 ) and the susceptibility (χ) for each distinct value of C are studied. These are defined by the relations [20] ,
Here, S 1 is the size of largest cluster and N is the total number of nodes, n s (C) is the number of clusters of size "s" for links weight C and below, and the prime on the sums indicates the exclusion of the largest cluster S 1 in each measurement. The transition to the percolating state in this climate network is identified via the existence of a giant cluster containing O(N) nodes. As mentioned earlier, this quantity is identified as the order parameter
We note that El Niño events have been classified as very strong, strong and moderate events based on the El Niño index as explained above, and compare the networks corresponding to each class. These networks are characterized by plotting the susceptibility (χ) and the largest normalized cluster (s 1 ). A discontinuous phase transition is clearly observed in s 1 (the largest normalized cluster. We plot these quantities as functions of C for typical years with El Niño events of each class, as well as the preceding years, which turn out to be indicator years of the event.
The year is indicated at the top of all the plots, and the red line marks the critical value C c on the x-axis at which the largest jump is observed in s 1 . The transition to percolation is signaled by the value of s 1 tending toward one, and the existence of a maximal cluster. It can be clearly seen from the plots that ∆s 1 , the jump in the size of the maximal cluster, is largest for the indicator year
i. e. one year prior to the El Niño episode. The susceptibility χ is also plotted on the same graphs.
It can be seen that the magnitude of the jump ∆χ is significantly larger in the indicator years, i.e.
one year prior to the El Niño episodes compared to other years. The susceptibility of the network gives the measure of the change in the formation of clusters of varied sizes at a given correlation strength. We note that while the order parameter jump has been suggested as a measure of the precursor [20] , the susceptibility is a more definitive and reliable precursor for the upcoming El Niño episode as not only is the largest peak ∆χ significant, but the peaks in the susceptibility before it also have a very distinct pattern. Ref. [20] suggested that susceptibility has seemingly no distinct relation with the El Niño Index and hence refrained from using the susceptibility as a predictor. In contrast to their observations, it can be seen from the plots above that the susceptibility has a distinct pattern and clearly shows a series of small transitions i.e. microtransitions before the percolation transition point. We adopt the following criterion for the prediction of the El Niño. When the maximum jump in the susceptibility crosses a threshold value (7.1) an El Niño episode is predicted in the following
year. Using this threshold value, nine events are predicted correctly out of twelve with just one false alarm. Almost all the events (very strong, strong and moderate El Niño events) can be predicted by our criterion except for a few weak El Niño events. The threshold has been set to be the value of the jump of the year 2005, which is the indicator year for a weak El Niño year. This minimizes the false alarms. If our results are compared with the normalized largest cluster used as an indicator (as per Ref. [20] ) , it is seen that when ∆s 1 crosses a threshold value (0.286), an El
Niño episode is predicted in the next year. It predicts eight events correctly out of twelve El Niño events with two false alarms.
The susceptibility pattern prior to an El Niño episode is further analyzed by looking at the microtransitions signaled by small jumps in the susceptibility occurring before the phase-transition signaled by the largest jump. The locations of these microtransitions, plotted as a function of C i can be used to predict the critical value of C c in the given year. It can be clearly observed from above plots that during very strong El Niño activity, nodes from the El Niño basin have higher degree (≥ 40) and are strongly connected whereas for indicator year nodes have a lower degree distribution range (0-15) and highly connected nodes appear outside the El Niño basin. We thus have a set of topological signatures for the indicator years of the El Niño episodes in addition to the susceptibility and the microtransitions. occurring between 1979 to 2018. Indicator years are shown in bold font followed by the corresponding El Niño episode or event with its duration. As can be seen, lengths of the episodes vary from a minimum of 5 months to 19 months. It is observed that all the indicator years have signifi-cantly higher |∆χ| values. We see that when the quantity |∆χ| crosses a threshold value 7, it can be used as an alarm and it is predicted that an El Niño event will start in the following calendar year.
A network is constructed for each year using the data of ≈ 565 days and a prediction is made at the end of every year (31 st December). The lead time between the prediction and the beginning of the El Niño episodes is ≈ 6.42 months and ≈ 9.57 months till the time when the episode peaks.
It is also observed that magnitude of |∆χ| is distinctly higher for the indicator years followed by strong and very strong El Niño episodes compared to weak or moderate episodes. The value C c at which the network undergoes a discontinuous percolation transition is given in [table I as can be seen in Fig.[5(b) ]. Some of these quantities can be used as precursors in conjunction with the susceptibility jumps and C c values in years where the El Niño phenomena is mild. Thus, we have identified a comprehensive set of network quantities which can act as clear precursors of El Niño years, in climate networks constructed using surface air temperature data from 1979 to 2018. We note that networks constructed for other years do not possess these distinctive features.
The El Niño prediction can be made between 4 to 9 months in advance. We also note that our precursors (the jump in the susceptibility ∆χ and critical correlation value) miss the prediction of year 2019. It may be possible to remove these anomalies by using a sliding window for the time averages, or by sampling focused geographic regions. These may also help to identify the tipping points and tipping locations of the phenomena. We also observed stronger link density in the indicator years in the area of polar jet streams, i.e. powerful meandering air currents that arise due to atmospheric heating by solar radiation and the action of the Coriolis force in a generally westerly direction. It appears that jet streams get stronger in the indicator years and show a different pattern for these years depending on the beginning of El Niño (Spring or fall) [22] . We hope to quantify and provide further support for this assertion in future work.
To summarize we have identified a set of precursors for the El Niño phenomena, using the construction of climate networks. These include the susceptibility, the value of the critical correlation, the maximum value of the correlation strength and total number of links observed in the climate network. The topological characterizers i.e. the degree distribution and the total number of links, supplement the information available in the order parameter and the susceptibility. These precursors, taken together, constitute signatures of the indicator year which can reliably predict an El Niño event, four to ten months in advance, and significantly reduce the frequency of false alarms.
We hope our methods provide pointers for other investigations in the context of climate networks.
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